Introduction
This paper deals with the problem of identifying latently dissatisfied customers. We define latently dissatisfied customers as customers who when asked, report overall satisfaction, but who possess other characteristics that are strongly associated with dissatisfaction. Therefore, these customers have a high probability to defect. We demonstrate the effectiveness of a data mining technique, called characteristic rules, for identifying these customers by using secondary data from a large-scale customer satisfaction survey carried out by a leading Belgian bank. Moreover, we show how actions upon these customers can be taken in order to prevent them from defecting.
This article is organized as follows. First of all, section 1 continues with a concise overview of the relevant literature of dissatisfaction in a banking context. In section 2, we will introduce the concept of latent dissatisfaction and provide a visual representation of latently dissatisfied customers. Subsequently, in section 3 we will elaborate on the three-step methodology of partial classification and focus on the data mining technique of characteristic rules to identify latently dissatisfied customers. In section 4, the proposed data mining technique will be applied to the empirical data after which results will be shown and validated. Section 5 presents some concrete suggestions for dissatisfaction management. Finally, section 6 presents the conclusions and limitations of this study.
Customer loyalty and defection in the financial services sector
During the past decade, the financial services sector has undergone drastic changes. This has resulted in a market in which intense competition, little growth in primary demand and increased deregulation have become important characteristics. In this new market, the occurrence of committed and often inherited relationships between a customer and his or her bank is becoming increasingly scarce (Levesque and McDougall, 1996) . Therefore, several strategies have been followed to retain customers, in which satisfaction plays a pivotal role (Meidan, 1996) . Satisfied customers provide recommendations for the bank, especially those who state that they are very satisfied. Satisfied customers will pay a premium for services and reduce a bank's cost of providing services because there are fewer complaints to deal with. Moreover, satisfied customers are more likely to concentrate their business with one bank and to respond to cross-selling efforts. Winstanley (1997) clearly shows that customer satisfaction is not only linked to loyalty as such, but is also linked to bank revenue generation by means of the above mentioned ways.
For instance, Reichheld and Sasser (1990) and Reichheld (1993) also argue that higher levels of customer satisfaction lead to higher levels of customer retention. In turn, customer satisfaction and retention drive customer revenue and the cost of doing business and, ultimately, are key factors in the profitability of a business (Federal Express, 1992) . Waterhouse and Morgan (1994) describe how the Lloyds Bank (UK) tackled the issue of customer retention. They used qualitative (in-depth interviews and group discussions) as well as quantitative research methods (telephone and mail surveys) among both staff and customers (defectors, dormants and dissatisfieds) to investigate the extent of defection due to dissatisfaction with the bank and to explore the process and factors leading from
Abstract
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In accordance with this, it has also been shown that the relationship between satisfaction and loyalty is neither linear nor simple (Jones and Sasser, 1995) . High levels of measured satisfaction sometimes go hand in hand with a continuous decline in turnover (Heskett et al., 1994) or an increase in customer defection (Reichheld, 1996) . In consumer markets, where changing styles and impulse buying are observed, varietyseeking behaviour is often put forward as a cause for such a discrepancy (Van Trijp et al., 1996) . Within a banking context, the reasons are not so clear. Traditionally, the retail banking market has been characterized by very strong customer inertia. However, this situation is gradually changing (Waterhouse and Morgan, 1994) . Retail bank customers arè`s hopping around'' more than they used to. Also, they may be customers at several banks, depending on the products or services that are offered by the bank (Yavas and Shemwell, 1996; Worcester, 1997) .
Determinants of satisfaction or dissatisfaction
The issue in this article of distinguishing latently dissatisfied customers from overall satisfied customers requires the determinants of satisfaction and dissatisfaction to differ to some extent. However, research on the determinants of customer satisfaction often assumes that there is no difference between the causes of satisfaction or dissatisfaction. Several authors, in contrast, suggest that there are some determinants that tend to be primarily a source of satisfaction and others that tend to be primarily a source of dissatisfaction (Cadotte and Turgeon, 1988; Hausknecht, 1988; Herzberg et al., 1959; Maddox, 1981; Swan and Combs, 1976) . For instance, Vanhoof and Swinnen (1996) introduced a method that enables the drawing of a distinction between the impact of criteria on satisfaction and dissatisfaction. Their results indicated that there indeed exist differences in the direction and magnitude of the impact.
In a study of the bank sector, Johnston (1995) used the critical-incident technique (see also Bitner et al. (1990) for the use of this method in a service setting) to classify customer perceptions (anecdotes) into satisfying and dissatisfying factors. While most determinants were found to be a source of both satisfaction and dissatisfaction (but ranking differently with respect to impact) there were a few (four out of 18) that exclusively determined either satisfaction or dissatisfaction with the bank. Other studies confirm these findings (Chakravarty et al., 1996 (Chakravarty et al., , 1997 .
Identifying latently dissatisfied customers
When satisfied and dissatisfied customers can be clearly identified in terms of a number of characteristics, like their satisfaction with particular service items or socio-demographic characteristics, this provides the ability to identify overall satisfied customers who possess typical characteristics of overall dissatisfied customers. These customers can be defined as latently dissatisfied, even though they report overall satisfaction. Figure 1 illustrates the conceptual idea of identifying latently dissatisfied customers in the realm of a data mining technique. Suppose we are able to identify a set of characteristics that is strongly (but not necessarily exclusively) associated with dissatisfied customers and that we can find another set of characteristics that is strongly (but not necessarily exclusively) associated with satisfied customers. Moreover, suppose we would be able to define an ordering on these characteristics such that the most discriminative (exclusive) characteristics of overall dissatisfied customers would be located on the left of Figure 1 and that the most discriminative (exclusive) characteristics of overall satisfied customers would be located on the right. Then, curve 1 represents the increase of the cumulative proportion of overall dissatisfied customers in a survey that is identified by the characteristics of dissatisfied customers when moving to the right in Figure 1 . The curve shows a diminishing marginal rate of increase when we move to the right, i.e. the area that is more characteristic for satisfaction. In contrast, curve 2 represents the cumulative proportion of overall satisfied customers being described by the characteristics of dissatisfaction when moving to the area that is more characteristic for satisfaction. Curve 2, in contrast to curve 1, shows a growing marginal rate of increase when moving to the right in Figure 1 . Now we are able to conceptually define the group of latently dissatisfied customers. Indeed, from Figure 1 , it can be observed that, for some customers, their overall service satisfaction evaluation does not correspond with the characteristics. This means that some customers, like for instance those situated in the hatched area, report satisfaction although they are typified by characteristics for dissatisfaction. Therefore, the customers in this area are defined as latently dissatisfied because they may be highly vulnerable to become overall dissatisfied customers in the near future.
Although at this point in the paper, we have not yet precisely defined the concepts`c haracteristics'' and``ordering'', we will give concrete form to these concepts when we operationalize them in the next section, discussing the methodology.
Methodology

A three-step methodology based on characteristic rules
The methodology to identify latently dissatisfied customers is based on the data mining technique of characteristic rules. Characteristic rules is a well-known descriptive data mining technique to find a concise description or summary of the instances in a data class, or to find general properties of the instances of that data class. The properties of these instances are expressed in a rule-based (IF ± THEN) format, which is easy to interpret. For instance, the characteristic rule IF objectˆswan THEN colourˆwhite AND speciesˆbird expresses that if an instance belongs to the class of swans, then its colour is white and it is a bird.
In this paper, we will use the technique of characteristic rules to automatically infer strong characteristic rules associated with the group of dissatisfied customers.
Subsequently, these characteristic rules will then be used to identify latently dissatisfied customers.
In brief, the proposed methodology in this paper involves three steps: 1 Discover characteristic rules of overall dissatisfied customers (set 1) and of overall satisfied customers (set 2) (see section 3.1.1). 2 Rank individual rules in both rulesets according to how exclusive these characteristic rules are to each of the classes of overall satisfied and overall dissatisfied instances. Namely, some rules will exclusively describe instances of one class, without describing any instances of the other class, whereas other rules may equally describe instances of both classes (see section 3.1.2). 3 Use the ranked characteristic rules in set 1 to identify overall satisfied customers that are described by the rules in set 1, and call them latently dissatisfied customers (see section 3.1.3).
Discovering characteristic rules
The data mining technique to discover characteristic rules is based on an algorithm to find frequent sets of attributes (Agrawal and Srikant, 1994) in a class of instances. Given the satisfaction opinions of the respondents on different banking services in the bank's customer satisfaction survey, the discovery of characteristic rules in this study produces a set of rules for each group of customers (i.e. overall dissatisfied (set 1) and overall satisfied (set 2)) that expresses typical characteristics of the instances of each group in terms of the opinions of the respondents on the different banking services. For instance, IF overall dissatisfaction THEN I receive sufficient information from the staffˆvery dissatisfied AND the staff is friendlyd issatisfied (sˆ60 per cent). The metric``s'' in this example is the support of a characteristic rule within the class of overall dissatisfied customers. It expresses that 60 per cent of the overall dissatisfied customers have responded to be very dissatisfied with the amount of information given by the staff, and to be dissatisfied with the friendliness of the staff. Two sets of rules of this kind are generated, one set of rules for the group of overall dissatisfied customers (set 1) and one for the group of overall satisfied customers (set 2). The support, however, does not reveal anything about the probability to belong to a certain class, given these characteristics. In other words, given the characteristics in the consequent of the rule above, it is not a priori known what is the probability to be overall dissatisfied [1] . Therefore, we need to rank the rules.
Ranking characteristic rules according to their exclusiveness
The second phase in the methodology involves the ordering of characteristic rules obtained from step 1, by means of a ranking procedure. This is a necessary step because one could say that characteristic rules describe the instances of a data class but do not (necessarily) discriminate between the target groups. To put it in the context of this study: the discovered rules may not only be characteristic for overall dissatisfied customers but they may be characteristic for the entire group of customers, including overall satisfied customers. To solve this problem, a measure of exclusiveness can be used to rank the rules from uniquely characteristic for a particular target group (high exclusiveness), to characteristic for both target groups (low exclusiveness).
Identify latently dissatisfied customers
In the final step of the methodology, the rankordered characteristic rules for overall dissatisfied customers, obtained from step 2, are matched with overall satisfied customers in the database. Indeed, the main idea of identifying latently dissatisfied customers consists of discovering characteristics in the data that are strongly associated with overall dissatisfied customers (see step 1 and 2) and to look for so-called overall satisfied customers that match with these rules for dissatisfaction.
An empirical study
Data collection and coding
The secondary data being used for this study concerns a satisfaction survey that was conducted among customers of a major bank in Belgium in 1996. Nationwide, 7,264 customers of the bank filled out a questionnaire. This questionnaire includes questions probing for the satisfaction with specific service aspects of the bank (see Appendix 1), questions on socio-demographic characteristics of the customers and a question probing for the overall level of satisfaction.
Customers were asked to indicate to what extent they could agree with the statements presented in the questionnaire. All statements related to the bank's service aspects were measured on a five-level ordinal scale with responses ranging from always (5), most often (4), sometimes (3), rarely (2), to never (1) and no opinion, the latter indicating a missing value. Unfortunately, the use of this five-level response scale represents a potential danger for the case of characteristic rule discovery, which involves looking for frequent sets of attributes values. Indeed, some opinions, such as never, rarely and sometimes, which do not occur frequently enough in this dataset, will not show up as frequent sets in the rule discovery phase and, as a result, they will not show up in the characteristic rules. Although the frequency of these opinions is of course specific for each dataset, this is not an uncommon situation in satisfaction surveys where most people report high satisfaction values. Therefore, in consultation with bank management, response values on specific service items (the independent variables in this study) were recoded, as shown in Figure 2 .
In contrast, for the target attribute (overall level of satisfaction), response values were recoded into 2 groups, combining always and most often into satisfied and sometimes, rarely and never into dissatisfied. Eventually, a total of 7,264 instances were obtained of which only 445 (6.1 per cent) were classified in the group of dissatisfied customers, again illustrating the skewness of the class frequency distribution.
Data analyses
The identification of latently dissatisfied customers follows the three-step methodology introduced in section 3.
Step 1
For both groups of overall satisfied and overall dissatisfied customers, all characteristic rules with a minimum support of 20 per cent were discovered. The support threshold indicates that at least 20 per cent of the instances in the target group should possess the characteristics contained in a rule. In fact, setting the correct value for the minimum support parameter is important, since setting it too low results in overfitted patterns (describing only few instances), whereas setting it too high results in missing some important segments within the target class of overall dissatisfied customers. Therefore, different support thresholds (ranging from 5 per cent to 30 per cent) were first tested. The correct setting of the minimum support threshold is largely dependent on the given dataset. However, lowering the support threshold too much produces overfitting, whereas setting it too high results in important information not being discovered, both causing a bad performance on unseen data. Somewhere in between lies the optimal support value, and finding it is basically a process of trial-anderror.
The following sample provides an illustration of some discovered rules of overall dissatisfaction:
R1 This information is very useful because it describes some typical characteristics of an overall dissatisfied customer. However, as already indicated in the methodological section, one must be careful with the interpretation of these results. The discovered rules for dissatisfaction may be characteristic for the whole dataset too.
Step 2 Therefore, after ranking the characteristic rules according to their exclusivity to a particular target class, they have to be ordered from highly unique for overall dissatisfied customers, to highly unique for overall satisfied customers on the x-axis of Figure 3 . As a result, for the discovered characteristic rules under the given support settings, the cumulative proportion of satisfied and dissatisfied customers can be plotted as illustrated in Figure 3 . One particular point of interest is shown in Figure 3 on the dashed curve (2) representing the cumulative proportion of overall satisfied customers. Visual inspection of this curve reveals a clear breakpoint at the 29th rule of dissatisfaction (see white arrow) where suddenly the additional number of overall satisfied instances covered, by introducing additional (less exclusive) characteristic rules for overall dissatisfaction, increases rapidly. This is a clear indication that the optimal set of characteristic rules for overall dissatisfied customers contains just 29 rules. Since starting from characteristic rule number 30 we tend to cover a rapidly increasing number of overall satisfied customers.
Step 3 The third and final step in the methodology involves the matching of (highly unique) characteristic rules for overall dissatisfaction with overall satisfied instances in the database. Thus, taking the 29 most exclusive characteristic rules for overall dissatisfaction, this set of rules covers 73.9 per cent of the dissatisfied customers and 10.7 per cent of the customers reporting overall satisfaction but who are, in fact, latently dissatisfied. These latently dissatisfied customers are being identified by the hatched area (3) in Figure 3 . The characteristics of these customers will be described in section 5.
Validity of the results
Internal validity
To evaluate the stability of the selected rules, the results of a second, but identical questionnaire (consisting of 31,970 customer surveys) carried out in 1997, have been used. It was observed that under the same support setting (20 per cent), 27 of the 29 interesting rules discovered in 1996 were still valid in 1997, indicating a high stability of the selected ruleset. For the two rules that were negatively validated, support was slightly insufficient. Therefore, one can conclude that 27 of the 29 rules for dissatisfaction discovered in the 1996 analysis are highly consistent over time.
External validity
To assess the external validity of the model, two tests are carried out. From the literature it is known that the number of complaints formulated by the customer is a valid indicator for the level of dissatisfaction of that customer (Day, 1984; Technical Assistance Research Programs (TARP), 1986; Fornell and Wernerfelt, 1987; Heskett et al., 1997) . Therefore, as a first test of validity, we use the number of complaints as a measure of criterion validity of the discovered model. The second validity test concerns the analysis of the defection rate of each group of customers (dissatisfied, satisfied and latently satisfied).
Test 1: analysis of complaints. Specifically, for each customer in the survey, the number and type of complaints he or she submitted in 1997 were obtained from his/her survey (see Appendix 2). Then, for each group of customers, i.e. dissatisfied, satisfied and latently dissatisfied, the number of complaints (in percentages) is plotted, as can be seen in Figure 4 .
The first bar of Figure 4 represents dissatisfied customers who are covered by our model, i.e. they are considered as prototypical examples of dissatisfied customers. The second bar represents the group of latently dissatisfied customers, i.e. customers reporting overall satisfaction but covered by the proposed model for dissatisfaction. Finally, the last bar represents the group of satisfied customers, who are not covered by our model, i.e. they are considered as prototypical examples of satisfied customers.
Two important observations can be made with regard to this figure. First, the percentage of complaints for the groups of dissatisfied and latently dissatisfied customers is significantly higher than the percentage of complaints that was observed for the group of satisfied customers. This observation can be considered as a proof for the effectiveness and validity of our model. Second, through not directly related to validity, it can be seen that the number of complaints is different with regard to the type of complaint that was formulated per group. In general, all customers seem to have the largest number of complaints with the opening hours of the bank, while this differs for the other complaints per group. For instance, the satisfied customers have the fewest complaints with the``reception'' while the latently dissatisfied customers have the fewest complaints with the``flexibility of the staff'' etc. In the light of dissatisfaction management, these results can be used to set priorities for corrective actions.
Test 2: analysis of defection rate. Unfortunately, because the survey was carried out anonymously, we have no exact data concerning the defection rate of the customers in our study. Instead, a proxy variable in the satisfaction survey (see Appendix 2) can be used which assessed whether the customer has the intention to have more of his activities concentrated with other banks instead of with the current bank.
Figure 3
Identification of latently dissatisfied customers based on empirical data Figure 5 illustrates that, for the different groups of customers, different proportions of customers have the intention to concentrate their activities more with other banking institutions in the near future. For instance, it can be seen that the relative number of customers in the group of dissatisfied and latently dissatisfied customers that have the intention to go elsewhere (first and second bar with answer``yes''), is much higher than in the group of satisfied customers (third bar with answer``yes''). Also, the relative number of customers in the group of satisfied customers that does not have the intention to go elsewhere (third bar with answer``no'') is much higher than in the other two groups (first and second bar with answer``no''). To conclude, both observations indicate that the probability that a customer will go elsewhere is significantly higher in the group of dissatisfied and latently dissatisfied customers than in the group of satisfied customers.
Finally, it is remarkable that within the group of customers that is undecided, the bigger proportion consists of latently dissatisfied customers. In other words, customers that tend to be somewhat ambiguous, i.e. expressing overall satisfaction but possessing characteristics of dissatisfied customers, also tend to be undecided with regard to their future intentions with the bank.
Measures for dissatisfaction management
Profiling (latently) dissatisfied customers
Socio-demographic characteristics constitute a rich source of information to describe customer segments in more detail so that they can be more easily targeted for the purposes of dissatisfaction management. We used a set of six socio-demographic variables (for a full reference see Appendix 2) to profile latently dissatisfied customers as well as overall dissatisfied customers. Note that latently dissatisfied customers have the same characteristics as dissatisfied customers although they report overall satisfaction instead of overall dissatisfaction. So both groups are identified by the same characteristics here. Moreover, from the perspective of dissatisfaction management both groups can be targeted in the same manner.
The central question is: are there any socio-demographic characteristics or profiles that tend to be more associated with satisfaction or dissatisfaction? To answer this question a two-tailed chi-squared analysis was carried out. Table I summarizes the results of the chisquared analysis for each of the sociodemographic variables from low to high p-values. The labels of the category numbers are different for every attribute and can be found in Appendix 2. For instance, the cell (job,3) shows the contributions to the 2 statistic for the dissatisfied (first entry: 5.52) and the satisfied (second entry: 0.35) workmen. Table I shows that the first three sociodemographic variables (job, age and level of education) are highly significant above the 0.01 level and that the marital status of the customer is just slightly insignificant at the 0.05 level (see last column in Table I ). From observing the contributions to the 2 statistic in Table I , one can isolate the most important differences between the observed and the expected frequencies. These contributions are calculated as (O ¡ E) 2 E, i.e. the square of the observed frequency minus the expected frequency divided by the expected frequency for that cell in the contingency table. Since the difference between O and E is squared, this number is a positive number, but we have added the sign to the contributions to be able to interpret them. A positive sign means that the observed frequency is higher than the expected frequency. For instance, within the category of executives (job,4), we observe a lot more dissatisfied customers (contribution: ‡19 8) than expected, whereas in the category of pensioners (job,8) we observe significantly less dissatisfied customers than expected (contribution: ¡14 6).
A careful analysis of Table I consequently reveals that the actual number of dissatisfied customers is higher than expected in the following socio-demographic categories: employee or executive, aged between 18 and 39, having a relatively high level of education. Segments where the number of dissatisfied customers is lower than expected can be profiled as not married or living alone, workman or pensioner, aged above 55 and having a relatively low level of education. It becomes clear that relatively young to middle-aged clients, with higher levels of education and white-collar jobs appear to be more critical in their evaluation because the number of dissatisfied customers in these groups tends to be higher than can be expected.
Drivers for dissatisfaction management
However, it is not enough to profile dissatisfied customers in terms of sociodemographic variables. In order to make dissatisfaction management work, the most important drivers of dissatisfaction related to the service aspects of the bank must be known so that they can be acted upon. We decide to focus on one particular customer segment here: the executives, since they turned out to be more dissatisfied than other customer segments (560 instances). However, the same analysis can be done for other segments. For each of the 29 most interesting rules of dissatisfaction, the hit ratio in this customer segment was calculated. In other words, we counted the number of times each of the 29 rules was true for the group of executives. Two patterns of dissatisfaction were striking. First, dissatisfaction with question 4 (I obtain sufficient explanation from the staff) together with question 7 (Staff spontaneously inform me about new possibilities concerning bank services). Second, dissatisfaction with question 7 together with dissatisfaction with question 9 (I think I get an impersonal treatment in my bank office). These patterns implicitly suggest specific topics for dissatisfaction management. Indeed, these indicators can be characterized as the communication and empathy components of the service delivery process of the bank. These findings imply that for this bank studied, additional attention should be given to these aspects of the services provided. For example, the staff managing satisfaction should make sure that the executive customer segment gets prompt and complete information concerning new bank services. Moreover, sufficient explanation should be given together with a personal treatment.
Conclusions and directions for future research
Theoretical and managerial conclusions
From a theoretical point of view, we tackled the problem of identifying latently dissatisfied customers, i.e. identifying customers who report overall satisfaction but who possess characteristics of dissatisfied customers. The descriptive data mining technique of characteristic rules helps to discover typical characteristics or properties of the target group. The model was validated internally by using test data and externally by using data on the number of complaints and data concerning a proxy variable for defection rate. Results indicated that remarkable differences with regard to the type of complaints (e.g. opening hours, advice, reception, . . . ) and defection rate could be identified when comparing the numbers of overall dissatisfied, latently dissatisfied and overall satisfied customers.
From a managerial point of view, this study shows that the identification of latently dissatisfied customers can indeed be considered as an early warning signal, providing the opportunity to correct a problem before real damage is done. It has been shown that after having identified latently dissatisfied customers, standard profiling and classification techniques could be used to target the right customer segments with the right corrective actions in order to deal with latent dissatisfaction most effectively.
Limitations of the study
The results of this study indicate that characteristic rules provide an efficient and effective instrument to identify latently dissatisfied customers. This has important implications for (bank) marketing theory and practice. However, acknowledgement of some limitations of our study should be considered, which also suggest new directions for future research.
An important limitation of our study is related to the response tendency, i.e. the survey reflects the intentions of customers instead of their actual behaviour. Indeed, because the questionnaire was carried out anonymously, actual behaviour (for example defection rate) could not be observed. Instead, customers were asked about their intentions to defect (proxy variable).
Our study also has its limitations with regard to the dataset that has been used: the current results are based on a single (analysis) data set from a single bank. A longitudinal instead of an ad hoc research project and cross-validation will increase the reliability of the results of this study.
In the present study, no distinction is made between customer segments. The impact of attributes may indeed be different from one segment to the other. For instance, if we use product usage as a segmentation criterion, we may expect that the impact of an attribute like personal treatment of the customer may be different from one product usage group to another. Finally, it is possible that for some customers their classification as latently dissatisfied is undeserved. For example, some customers may prefer an impersonal treatment, and thus have characteristics of overall dissatisfied customers, but still be overall satisfied. Being able to separate this group of customers from the latently dissatisfied customers would however require additional information about these customers, such as their product usage. Indeed, information of this kind could help in determining whether a particular customer prefers impersonal treatment or not, for instance by observing that this customer mostly uses self-banking products.
Note
1 Take for instance the hypothetical rule``IF overall dissatisfied THEN moustache colour = black'' (s = 100 per cent). This means that all overall dissatisfied customers wear a black moustache. However, the reverse does not hold necessarily, i.e. given that we observe a person with a black moustache, this is not necessarily an overall dissatisfied customer, since there may be overall satisfied customers wearing a black moustache too!
